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Winter storms have been reported as the second-most frequent catastrophe in the Midwest of the United States
and can create non-negligible impacts on farming communities that highly rely on climatic-sensitive resources
and activities. However, few studies have attempted to assess the vulnerability to winter storms in rural contexts.
Focusing on all counties in Iowa, US, as the study area, this research aimed to evaluate the vulnerability of
farming communities to winter storms and its major determinants. It first identified both climatic and nonclimatic indicators for quantifying winter storm exposure, sensitivity, and adaptive capacity by reviewing pre
vious related studies and examining qualitative interview results. Then, spatial analysis tools were used to
quantify and aggregate several indicators, such as winter temperature variation, natural shelter, energy capacity,
and facility density. Next, factor analysis was employed to identify latent variables and estimate the index score
for adaptive capacity. Finally, the vulnerability of Iowa counties to winter storms was calculated and mapped.
The results showed that the determinants of adaptive capacity to winter storms in Iowa could be explained as
farming economic status, environmental institutional capital, and innovative capital. Overall, high vulnerability
was found in Southeast Iowa due to its low farming economic status and innovative capital, and Northwest Iowa
as a result of high exposure and low environmental institutional capital. In a state with dominant farming
communities, whether to include its major metropolitan areas to assess winter storm vulnerability seemed to only
affect the evaluation of the general pattern of adaptive capacity but not exposure or sensitivity.

1. Introduction

storm intensity and frequency are evident in the US, especially in both
mid- and high-latitude zones (Vose et al., 2014; Changnon and David,
2005), and have produced non-negligible winter weather-related losses
(Table 1). However, as one of the commonly seen catastrophic weather
events, winter storms and their impacts are often overlooked and
understudied.
Winter storms have been recognized as one of the catastrophic events
leading to agricultural damage and loss. In farming regions, severe
winter storms such as blizzards, unending snowfalls and extremely low
temperatures can lead to building damage, animal losses, and reduction
in milk production (Bunting, 2019; Knutson, 1949). Winter storms on
farmlands can also create other issues including the removal of fertile
soils, traditional routines failure, and crops being wiped out (Kronik and
Verner, 2010; Niacsu et al., 2019). In the US, the Midwest is well
recognized as a major producer of vegetables, dairy, beef cattle, and pigs
(Andresen et al., 2012). It is also a region that has experienced severe
cold-air outbreaks and record numbers of snowstorms (Marinaro et al.,

Climate change-induced weather anomalies, such as extreme
droughts and intense rainfalls, have been increasingly observed in places
where people are highly vulnerable to their various effects in recent
years (Martens and Chang, 2017). Assessing the vulnerability and un
equal coping capabilities to climate change and weather events has been
a focus of research attention, for example, vulnerability to flooding
(Nasiri et al., 2019; Owusu, 2016; Clark et al., 1998), urban vulnera
bility to extreme heat (Mushore et al., 2018; Uejio et al., 2011), agri
cultural vulnerability to drought (Antwi-Agyei et al., 2012; Nettier et al.,
2010; Wilhelmi and AuthorAnonymous, 2010), to climate change (Neset
et al., 2019), and to severe snowstorms (Yeh et al., 2014). It is observed
that climate change has caused polar cold air and anomalously cold
extremes moving southward as a result of winter atmospheric circula
tion at high northern latitudes associated with Arctic sea ice loss (Cohen
et al., 2018; Yao et al., 2017; Tang et al., 2013). The increases in winter
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2004; Turner et al., 2003; Adger et al., 2003). Among them, Hahn et al.
(2009) constructed the Livelihood Vulnerability Index (LVI) and cate
gorized major indicators into contributing dimensions of vulnerability to
evaluate livelihood risks specifically resulting from climate change.
Since then, the vulnerability index further evolved with the replacement
and addition of other indicators to suit local contexts and to be more
relevant for target groups (Adu et al., 2017; Ifejika Speranza et al., 2014;
Pandey et al., 2017; Panthi et al., 2016; Shah et al., 2013). There has
been an increasing recognition of the linkage between vulnerability and
five core categories of capitals including natural, physical, human, so
cial, and financial capital. These capitals were described in the Sus
tainable Livelihoods Framework as resources used in the vulnerable
context to cope with short- and long-term problems (Department for
International Development, 1999; Carney, 1998) and have been inte
grated into indices to measure adaptive capacity (Paul et al., 2020;
Pandey et al., 2017; Egyir et al., 2015; Nelson et al., 2010; Gbetibouo
et al., 2010; Reid and Vogel, 2006).
Despite various indices developed to estimate the level of vulnera
bility of agricultural communities to extreme weather events, suitable
metrics of rural winter storm vulnerability remain underexplored. To
address the lack of vulnerability assessment regarding threats of winter
storms in agricultural regions, this study identified rural areas of
different vulnerabilities and explained factors leading to these differ
ences by integrating local knowledge, existing indices, and statistical
analyses. The synthetic vulnerability index developed in this study was
anticipated to serve as a tool for adaptation planning and be adjusted to
suit other climate-related vulnerability assessments or study regions.

Table 1
Natural catastrophe losses in the United States between 2014 and 2019.
Estimated Overall Losses
(US $ bn)

2014

2015

2016

2017

2018

2019

Severe Thunderstorm
Winter Storms & Cold
Waves
Flood, Flash Flood
Earthquake
Tropical Cyclone
Wildfire, Heat Waves,
&Drought

17
3.7

13.4
4.7

19
1.7

25.4
2.2

18.8
4.2

27
7.4

1.8
0.75
0.095
1.7

3.8
Minor
0.1
4.4

15
Minor
7
1.2

0.4
Minor
123
14.3

2.6
0.5
30.4
25.4

10
0.05
3.9
1.3

Source: Data compiled from archived graphs by Munich Re and Property Claim
Services, “Natural Catastrophe Losses in The United States”, accessed August
15th, 2020, from https://www.iii.org/graph-archive/96537.

2015). However, research is notably lacking in the vulnerability of farm
communities to increasing winter storm events.
The Intergovernmental Panel on Climate Change (IPCC) has
contributed to assessments on climate change impacts, adaptation, and
vulnerability since 1990 and created the distinct definition of vulnera
bility in 1997 (IPCC, 1997). Many climate-related vulnerability studies
adopted the IPCC’s definition of vulnerability as a function of exposure,
sensitivity, and adaptive capacity (Watson and Lee Albritton, 2001). The
three vulnerability dimensions are defined as 1) exposure that charac
terizes the stressors and the entities under stress, 2) sensitivity that
characterizes the direct effects of the stresses, and 3) capacity of the
system to cope, adapt or recover from the effects of those conditions
(Polsky et al., 2007). Building on the concept of vulnerability, several
investigators have advanced the characterization of the vulnerability
components and approaches to assessing vulnerability (Füssel and Klein,
2006; Hahn et al., 2009; Smit, 2006; Schröter et al., 2005; Ford and Smit,

2. Study site
The state of Iowa was chosen as the study area for its productive

Fig. 1. Location of study area, state of Iowa, United States.
2
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agriculture and eventful winter weather. It is located in the Midwest of
the United States between 40◦ 35′ N-43◦ 30′ N latitude and 90◦ 8′ W96◦ 38′ W longitude (Fig. 1). The state comprises 35.7 million acres, with
over 85 percent of the land farmed, and has long led nationally in hog,
egg, corn, and soybean productions (Living History Farms, n.d.). Iowa
has an estimated population of 3.17 million in 2020 and maintains a
diversified economy dominated by agriculture, manufacturing,
biotechnology, finance and insurance services, and government services
(World Population Reveiw, 2021). There are 21 out of a total of 99
counties designated as metropolitan statistical areas in Iowa. Main
metropolitan cities with a population of more than 100,000 include the
capital city of Des Moines in Polk County, Cedar Rapids in Linn County,
and Davenport in Scott County. Iowa is located in the heart of the
blizzard belt and experiences frigid temperatures as well as dramatic
storms in the winter (Waite, 1970). Average winter temperatures in the
state could drop well below freezing, for example, even as low as below
6 ◦ F (− 14 ◦ C) in Cedar Falls-Waterloo, Black Hawk County (US Travel
Weather, 2018). Most field investigations in this study were conducted
in Black Hawk County, where about 133, 000 people reside in its twin
cities of Cedar Falls and Waterloo. The vulnerability was analyzed at the
county level for which the complete data was available.

spread across different parts of Iowa, collectively enabling a compre
hensive view of winter-related issues on farms in the state. Table 2
summarizes the winter storm-related impacts on farms and Fig. 2 pre
sents the frequency of content mentioned by respondents. They have
revealed that, in the face of winter storms, Iowa farmers were mostly
concerned about animal health, building damage, water and feed
shortage, and power outage. Efficient information delivery, insurance,
and windbreaks were considered important in reducing storm losses.
Additionally, blizzard, extreme cold, strong wind, and icing appear to be
among the main threats associated with winter storms.
3.2. Vulnerability indicator selection and secondary data collection
Building on the primary data and existing vulnerability indices, this
study selected multiple variables to represent farming households’
exposure, sensitivity, and adaptive capacity. The indicator selection for
the three key components of vulnerability is detailed below.
3.2.1. Exposure indicators selection
Extreme weather can cause significant losses and damages such as
decreasing yields and commodity quality levels in agricultural produc
tion systems (Andresen et al., 2012). The interview results showed that
farmers were exposed to losses from extreme winter weather such as
winter temperature fluctuations and ice storms that threaten animal
health and power supplies. The increases in storm occurrences and
temperature variation lead to higher exposure. Event occurrences and
temperature deviation have been used in previous climatic vulnerability
assessments to represent the frequency of exposure and the level of
changes in daily mean weather conditions (Hahn et al., 2009; Shah et al.,
2013). In this study, winter storm occurrences and winter temperature
deviation were selected to measure the different exposure of Iowa
counties to winter. The data on event counts was collected from the
Storm Event Database provided by the National Centers for Environ
mental Information (https://www.ncdc.noaa.gov/stormevents/), which
contains records on the occurrence of threatening weather phenomena.
Various winter-related event types were considered in this study,
including blizzard, cold/wind chill, extreme cold/wind chill, frost/
freeze, heavy snow, ice storm, strong wind, winter storm, and winter
weather. A Python script was created to calculate the total event counts
for all counties in Iowa during the winter months of December, January,
and February between 2010 and 2017. Winter temperature deviation
was calculated using the minimum and maximum temperatures for each
county downloaded from Parameter-elevation Regressions on Indepen
dent Slopes Model (PRISM) website (https://prism.oregonstate.edu/)
which provides climate observations in the US at multiple spa
tial/temporal resolutions.

3. Data and methods
3.1. Primary data collection from a qualitative semi-structured interview
This study conducted several semi-structured interviews in the
counties of Black Hawk, Buchanan, Kossuth, and Washington to obtain
farmers’ narrated perceptions on winter storm impacts. This step is
important because the interviews with stakeholders can provide the
necessary information and knowledge in the local context (Polsky et al.,
2007). During January to February 2019, 14 farmers that produced
different types of commodities were selected using a purposive snowball
sampling approach so that they can represent main on-farm activities
such as crop farming and cattle ranching coded in the North American
Industry Classification System. Among the interviewed farmers, 5
operated diversified farms producing animal and crop commodities, 3
operated crop farms, 4 operated livestock farms, 1 was an orchard
farmer, and 1 was a poultry farmer. Their farms ranged in size from 0.25
acres for a chicken farm to 500 acres for a livestock farm. Each interview
took between 30 min to 1 h to complete the questions covering topics of
the three key components of vulnerability assessment (exposure, sensi
tivity, and adaptive capacity). A detailed list of questions is provided in
Appendix A. While the visited places did not cover the entire state, they
Table 2
Summary of extreme winter weather11 impacts.
Severe winter weather
type

General impacts

Extreme cold

Animal loss
• Young animals (e.g. calves) are more susceptible to cold
stress due to low body fat
• Chicken eggs can freeze in the shells before they are
collected
• Animals are vulnerable to severe temperature variations
Reduced productivity
• Fodder (e.g. alfalfa) yield losses due to winter kill
• Reduced dairy production due to affected animal health
(e.g. frostbite threatens milk production)
Reduced flowing water for animals
• Broken pipes and frozen creeks
Power outage
• Extreme cold can knock out the heat and electricity due
to equipment overload
Animal loss
• Animals are missing or injured during the storms
Building damage
• Collapse or damage of farming structures and facilities

Ice storm/snow
storm/blizzard
Strong wind

3.2.2. Sensitivity indicators selection
From the interview results, it was found that the immediate impacts
of winter storms came from affected on-farm structures and activities
such as animal husbandry and building damage. Poorly constructed
buildings appear to increase sensitivity to climate impacts (Thomas
et al., 2019). Animal health can be threatened by low temperatures and
restrained freshwater access. Livestock farms are highly dependent on
the climate conditions of a given year and they have to make consid
erable efforts to prepare supplies, implement actions, and recover in the
face of winter storms. On the contrary, crop farms appear less sensitive
during winter since crops are usually harvested back in the autumn.
Thus, animal commodities sale and building age were selected as
sensitivity determinants and represented using the 2012 farm sale sta
tistics retrieved from the United States Department of Agriculture
(USDA) QuickStats and the 2012–2016 housing characteristics data
collected from the US Census Bureau.
3.2.3. Adaptive capacity indicators selection
Adaptive capacity is the ability to take actions and make adjustments
3
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Fig. 2. Word cloud visualizing frequency of words recorded in the interview notes.

to reduce adverse impacts resulting from climate-related hazards (Bur
ton et al., 2005). The ability to cope with extreme weather events varies
depending on assets, tangible and intangible, that support people’s
livelihoods. These livelihood resources are seen as “capitals” and can
influence adaptive capacity and thus vulnerability (Scoones, 1998;
Chambers and Conway, 1992). Based on the five forms of capitals
described in the Sustainable Livelihoods Framework, this study identi
fied multiple adaptive capacity indicators from five dimensions:
Natural capital. Farms surrounded by trees as windbreaks are
assumed to be more protected from strong wind, therefore less vulner
able. This study used a georeferenced, raster-formatted and croplandspecific land cover data layer downloaded from CropScape (https://na
ssgeodata.gmu.edu/CropScape/) to extract pasture and tree cover in
each county. Pastures with windbreaks were identified using a specified
search radius of 200 feet as the recommended distance of a proper tree
windbreak (Swistock, 2017).
Financial capital. Poverty has been included as a vulnerability factor
(Clark et al., 1998). It is assumed that households with lower income
possess fewer assets such as equipment and appliances that can help
with the maintenance of buildings and animals. Thus, farm income and
poverty were included as indicators for financial capital. The poverty
rate and farm income for the year of 2012 were collected from the US
Census Bureau and USDA QuickStats, respectively.
Physical capital. Access to the Internet is considered the dominant
way to collect all sorts of environmental knowledge to assist with
decision-making (Thomas et al., 2019). With sufficient Internet access,
households can stay informed and are more likely to benefit from new
policies and plans launched in real-time. This mirrors the qualitative
interview results that have highlighted the importance of information
(Fig. 2). In this study, internet access was indicated by internet opera
tions collected from USDA QuickStats. Access to infrastructure is
considered to influence the feasibility and efficacy of aid distribution
programs in response to disasters and used to represent physical capital
(Gbetibouo et al., 2010). Given that better access to power services may
reduce the impacts of winter storms by providing alternative or addi
tional assistance, access to facilities was used to represent physical
capital. GIS data on power plants and facilities were obtained from the
U.S. Environmental Protection Agency’s Facility Registry Service (http
s://www.epa.gov/frs) and Iowa Facility Explorer (https://facilityexplo
rer.iowadnr.gov/FacilityExplorer/). The interviewed farmers also re
ported that a major winter storm loss on farms was from animal death
caused by inadequate feed. Thus, feed supply was also considered as a
physical capital indicator and represented by the 2012 feed expenditure

data collected from USDA QuickStats.
Human capital. Labor is considered to make a positive impact on
vulnerability reduction because more family members can increase
work efficiency during both events and subsequent recovery. This study
used household size and labor expense as human capital indicators to
represent the availability of labor engaged in adaptation. Education
level, which is considered to increase the adaptive capacity by
enhancing access to information (Antwi-Agyei et al., 2012), was also
included to estimate human capital. The more skills and knowledge
acquired, the more capability households have for emergency planning,
recovery, and decision-making. Data on household size, labor expense,
and education level were collected from the US Census Bureau.
Social capital. Social organizations can improve adaptive capacity by
enhancing social networking (Thomas et al., 2019). Households with a
membership to farm-related organizations are more likely to receive
support or benefit from the professionals. To obtain information on
membership with the agricultural organizations, a request was submit
ted to the contact on the Practical Farmer of Iowa website (https://pr
acticalfarmers.org/). Interview results also reveal that the reduction of
storm losses can be attributed to the registration of insurance packages
and government programs. More investment in government programs
could provide more support during the storm recovery process. The
government program expense used in this study was retrieved from
USDA QuickStats.
Overall, a total of 12 adaptivity variables, 2 sensitivity variables, and
2 exposure variables were selected for the assessment of rural winter
storm vulnerability (Table 3). Socioeconomic statistics and spatial in
formation were all aggregated to the census county level and stan
dardized to Z-scores in SPSS before further analysis.
3.3. Factor analysis for adaptive capacity variables and mapping of
vulnerability
Principal component analysis (PCA) has been broadly used to reduce
the dimensionality of large datasets and acknowledged as a useful tool in
creating composite vulnerability indices (Jolliffe and Jorge, 2016; Willis
and Fitton, 2016), including those evaluating the vulnerability to
weather extremes (Clark et al., 1998; Reid et al., 2009; Uddin et al.,
2019). In this study, factor analysis was performed on the 12 adaptive
capacity variables in SPSS using PCA as the varimax rotation method.
Before the factor analysis, a correlation analysis was performed to check
the interrelationships between these variables, ensuring the suitability
of factor analysis. The resultant factor scores (z) for the ith indicator and
explained variances (w) for the jth principal component were used to
calculate the adaptive capacity (AC) scores for each county as follows:

1
Extreme winter weather types are named based on the event types listed in
Storm Event Database provided by the National Centers for Environmental
Information (https://www.ncdc.noaa.gov/stormevents/).

n ∑
k
∑

AC = w1 F1 + w2 F2 + … + wn Fn =

wj z i
j=1

4

i=1

Y. Zhang and B. Liang

Environmental and Sustainability Indicators 11 (2021) 100126

Table 3
Indicator system for winter storm vulnerability.
Vulnerability
component

Indicator

Definition

Measurement unit

Source

Exposure

Winter storm events

The incidents of winter-related storm events in
December, January, and February from 2010 to 2017

Number of winter storm
events

The deviation of daily average winter temperature in
December, January and February from 2010 to 2017
Annual income received from animal commodities sale/
sales of all commodities from the entire farm
The percent of housing units built in 1939 or earlier of
total units

Celsius

Sensitivity

Winter temperature
variance
Animal commodities
sale
Building age

NWS storm event database (National
Centers for Environmental Information,
2018)
PRISM (PRISM Climate Group, 2004)

The summed acreage of tree cover within the farmland
that provides windbreaks to shield extreme winter
weather such as heavy winds

Acre

(CropScape, 2017)

Household income earned by operating farm-related
business

Dollar

USDA:
Economics, Income
2012

Percent of population with incomes below the federally
defined poverty line

Percentage

Census:Poverty Status2012

Summed density of facilities around each cell in a county

km2

Iowa Facility Explorer

Adaptive
Capacity (cnt.)
Adaptive
Capacity

Natural capital
Natural shelter
Financial capital
Farm-related income

Poverty
Physical Capital
Physical Capital
Access to facilities

Energy capacity
Access to Internet

Percentage
Percentage

USDA: Economics, Animal &Products
(2012)
Census: Selected Housing
Characteristics 2012–2016

USDA
USDA
Summed density of energy produced around each cell in
a county
The sufficiency of internet operations

kWh2

EPA Facility Registry Service
USDA: Demographics 2012

Feed expense
Human Capital
Human Capital
Household size

The expenditure on purchasing feed

The number of internet
operations
Dollar

Average number of population in a household

People

Census:
Households And Families 2012

Education level

Ratio of rural population completing college

Percentage

Labor expense
Social Capital

The expenditure for labor used in the production

Dollar

Census:2013–2017 American
Community Survey 5-Year Estimates
USDA: Economics 2012

Household that has membership with professional
organizations

The number of membership
in PFI (Practical Farmer of
Iowa)

Provided by Practical Farmers of Iowa

Payments made by agricultural producers participating
in Farm Bill programs including commodity, price
support, disaster assistance, and conservation

Dollar

USDA: Economics 2012

Membership in
professional
organizations
Government program
expense

The component scores for exposure (E) and sensitivity (S) were then
calculated by the simplest and most widely used equal weighting
approach (Heβ, 2017). Finally, the overall vulnerability of each county
was estimated using the following formula:

USDA: Economics 2012

farm income and natural shelter to 0.788 for farm income and labor
expense. Counties planting more trees appear to receive lower income.
Labor can increase farming productivity and, at the same time, require
more investment, leading to the strongly positive relationship between
farm income and labor expense. There is also a strong correlation be
tween membership counts and education, indicating that counties with
higher education levels are more likely to subscribe to farming
associations.
Among the selected 12 variables, poverty, energy, internet opera
tions, and household size yielded low community values (<0.7), sug
gesting that they would be weakly reflected via the extracted factors and
thus be removed from factor analysis. Finally, with the remaining 8
variables, factor analysis extracted the first 3 factors that could yield a
total of 85.124% of total variance explained (Table 5), with an accept
able KMO value of 0.627. The Bartlett’s Test (0.000) was statistically
significant, indicating the high independency among the 8 variables.
The loadings matrix in Table 5 shows the correlations of each vari
able with the three extracted components. Those with loadings greater

Vulnerability = E + S – AC

4. Results and discussion
4.1. Key determinants of adaptive capacity
Table 4 shows the pairwise correlations between the 12 adaptive
capacity variables. There are 29 out of 60 significantly correlated pairs
with a p-value of less than 0.050, indicating strong interrelationships
between indicators. Hence, these indicators are considered suitable for
factor analysis to extract principal components accounted for by the
variable correlations. The correlation coefficients range from − 0.459 for
5
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1
1
-0.390a
1
0.249b
0.332a

Variables

LaborExp
FarmIncome
Facilities
NaturalShelter
GovExp
MembershipCount
Education
FeedExp
Variance explained
(% Var)
Cumulative variance
explained

1
-0.187
-0.102
-0.218b
-0.203b
-0.081
1
-0.018
-0.409a
0.637a
0.315a
-0.338a
0.740a
1
-0.056
0.103
0.054
0.164
0.115
-0.053
-0.015
1
0.113
-0.316a
0.083
0.314a
-0.416a
-0.158
0.344a
-0.429a

Component 1:
Farming
Economic
Status

Component 2:
Environmental
Institutional Capital

Component 3:
Innovative
Capital

0.930
0.878
0.810
− 0.189
− 0.205
− 0.012
0.110
0.683
35.611%

0.009
− 0.318
− 0.294
0.942
0.863
0.021
− 0.46
0.612
27.473%

0.193
− 0.047
− 0.047
0.043
− 0.114
0.922
0.914
0.147
22.4%

35.611%

63.084%

85.124%

4.2. Analysis of exposure, sensitivity, adaptive capacity, and overall
vulnerability
Fig. 3 shows the overall exposure calculated for each county by
summing the standardized variable scores for event frequency and
temperature variation. The overall exposure rates are high in Northwest
and Southeast Iowa due to high event frequency. This is consistent with
the long history of severe winter storms and blizzards recorded for these
regions (Waite, 1970). In contrast, eastern Iowa shows the lowest
exposure scores. Sensitivity indicator scores were calculated by sum
ming the standardized variable scores for animal sale and building age.
As shown in Fig. 4, counties peripheral to central Iowa tend to be more
sensitive due to a high percentage of the total sale from animal com
modities. From East to Central Iowa, the counties are light-colored,
indicating low rates for building age and animal sale. This contributes
to the notably least overall sensitivity for Polk County and its sur
rounding counties. Several counties (e.g., Union, Clayton) score high in
animal sale and/or building age, leading to their high overall sensitivity
scores.
Fig. 5 shows the overall adaptive capacity and individual factor
scores (Fn). Figure 5a shows that the adaptive capacity is low in most
northwestern counties in Iowa and high in central Iowa and north
eastern margins. It is noted from Fig. 5b that counties in northern Iowa

Correlation is significant at the 0.01 level (2-tailed).

Correlation is significant at the 0.05 level (2-tailed).

a

b

1
0.002
0.094
0.174
0.091
0.158
0.234b
0.391a
-0.007
0.101
1
0.179
-0.075
0.701a
0.105
0.032
-0.021
0.259a
0.169
-0.144
0.042

Livelihood resources themes

than 0.800 are considered as salient indicators representing the three
underlying dimensions of adaptive capacity determinants. The first
factor is interpreted as farming economic status based on its salient in
dicators of labor expense, farming facilities, and farm income. This
factor is considered to project adaptive capacity more accurately as it
accounts for the largest total variance of the input variables (35.611%).
Economic conditions may be the most important determinant of adap
tive capacity, probably because economic resources can facilitate tech
nology implementation, ensure training opportunities, and lead to
political influence (Smit and Pilifosova, 2003). The second factor has
high loadings on natural shelter and government programs, hence it is
explained as environmental institutional capital. This factor may suggest a
strong correlation between institutional efforts and the enhancement of
environmental services. For example, through general or continuous
funding, the state of Iowa has a variety of conservation programs aimed
to provide cost-sharing for tree planting on a highly erodible row crop
and pasture land (Flickinger, 2013), potentially increasing farmers’
adaptive capacity to winter storms. The third component is highly
correlated with education and organization membership. These in
dicators representing human capital and social capital are considered to
affect innovative performance (Veenendaal and van Velzen, 2014).
Therefore, innovative capital is reasoned as the theme for the third
component of adaptive capacity.

1
-0.174
0.439a
0.788a
-0.459a

1
0.648a
-0.207b
0.812a

FarmIncome
FeedExp
MembershipCount
Education
InternetOp

1
0.313a
0.184
-0.234b
0.125
-0.040
-0.077
0.102
0.282a
0.285a
0.064
0.083

HHSize

PovertyRate

Facilities

EnergyCap

NaturalShelter

LaborExp

GOVExp

Table 5
Factor loadings for adaptive capacity variables.

InternetOp
Education
HHSize
PovertyRate
MembershipCount
Facilities
EnergyCap
NaturalShelter
LaborExp
FeedExp
GOVExp
FarmIncome

Table 4
Pearson’s correlation coefficients for adaptive capacity variables.
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Fig. 3. Index scores of winter storm exposure for all Iowa counties.

Fig. 4. Index scores of winter storm sensitivity for all Iowa counties.

have higher rates for farming economic status as they have higher labor
expense, farm-related income, and farming facilities than counties in the
southernmost part of Iowa. Sioux appears to have the best farming
economic status, as opposed to the metropolitan regions (e.g., Polk)
where farming-related investments are low. Fig. 5c shows that the
northwestern quarter of Iowa is low in environmental institutional
capital, with limited natural shelter and low expense on government
programs. This may be because the long-standing large tracts of wet
lands concentrated in the northwest and north-central parts of Iowa
have provided rich farmland for growing intensive crops. The increase of
monocultures and the decrease in livestock pastures in the northwest
could lead to the destruction of windbreaks. The patchwork of small,
diversified fields that once were common remains in southeastern Iowa
(Iowa Association of Naturalists, 1998). In northeastern Iowa, the
rugged landscape with more wooded areas may have prevented farms

from expanding to large industrialized operations, resulting in high
index scores for environmental institutional capital. Fig. 5d shows a
concentration of innovative capital in the metropolitan areas of central
Iowa and cold spots in northwestern and southeastern Iowa.
Fig. 6 illustrates the overall vulnerability for all Iowa counties
calculated using the overall exposure, sensitivity, and adaptive capacity
scores. In general, southern counties such as Adams and Union are
remarkably vulnerable to winter storms, perhaps because much of their
land areas in southern Iowa is used for perennial pastures (Florine et al.,
2006), increasing their sensitivity. Highly vulnerable counties are also
clustered in the Northwest where winter storm events are more frequent
and in the Southeast where winter temperature deviation is higher, both
reflecting high exposure. The vulnerability is low in central Iowa due to
low sensitivity from East to Central Iowa, in particular in Polk and its
adjacent metropolitan areas. Counties with low vulnerability are also
7
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Fig. 5. Overall adaptive capacity and factor scores for all Iowa counties.

Fig. 6. Overall winter storm vulnerability in all Iowa counties.

found in northeastern Iowa where adaptive capacity is higher.

events, indicated by more above-average event occurrences (Z-score>0)
in the recent past (Fig. 7). Evaluating the vulnerability of farming
communities to winter storms in Iowa has implications for identifying
counties’ agricultural production prone to winter storms and thus
reducing farm loss during winter storms by managing the vulnerability
components, namely, exposure, sensitivity, and adaptive capacity.
Exposure can be influenced by the increased population and assets at
risk as a result of population growth in locations at risk from natural

4.3. Discussion and limitation
Weather and climate-induced costs on social and economic systems
are substantial. Among different disaster types, winter storms receive
limited attention, while they cause non-negligible costs. In Iowa, there
appears a generally increasing trend in experiencing winter storm
8
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Fig. 7. Winter storm event count in Iowa between 1995 and 2018.

hazards (Bouwer, 2019), and storm impacts are likely to be worse in
more populous areas than others (Changnon and David, 2005). How
ever, Polk County – the most populous county in Iowa – rated the least
vulnerable to winter storms, whilst it has relatively high exposure. Its
low score in vulnerability (and on-farm loss as well) may be due to their
industry-oriented development that is more resistant to winter storms
than farming activities. This indicates the severity of weather events is
not necessarily consistent with the population pattern alone as it may
vary depending on the specific disasters or economic structure. To
explore the issue further, the difference between vulnerability level and
factual on-farm loss in 2012 per county was calculated and illustrated in
Fig. 8. After scaling to the range of 0–1, the overall difference ranged
from 0.009 for Johnson County to 0.88 for Van Buren County. Counties
graphed in the left half of Fig. 8 show almost identical distributions of
farm loss and vulnerability. This implies the selected indicators for
winter storm vulnerability in the current study may be used to effec
tively evaluate the general farm losses for these counties for a given
year. It is found the metropolitan county of Story has non-negligible
farm loss and underpredicted vulnerability. This suggests the limita
tion in the current model that is unable to capture all critical factors to
determine the area’s general farm loss. For example, farming intensity
(e.g., stocking rates and total operations) may scale the loss but is not
considered in the model. Agricultural production characteristics such as
the quantity of products vulnerable to other storm events as well as
meteorological variability such as winter storm occurrence may also
contribute to the discrepancy between empirical farm losses and pre
dictions. To account for all counties’ general loss characteristics deter
mined by factors not included in the current winter storm vulnerability
model, the 2002-2017-census-year average farm loss was calculated
(Fig. 8). Several counties in the left half of Fig. 8 show small differences
between farm loss in 2012 and average farm loss, indicating these

counties (e.g., Buchanan and Black Hawk) have relatively stable farm
loss patterns and the current model can be used to evaluate their
long-term general farm losses.
On the other hand, counties displayed on the right half of Fig. 8
reveal large differences between the predicted vulnerability and farm
loss in 2012. This may be due to meteorological variability and generally
low farming loss. For example, Hamilton County has a high difference
value (0.64) between the predicted vulnerability and farm loss in 2012
but a low difference (0.1) between the predicted vulnerability and
average farm loss, suggesting the model may not be suitable to predict
farm loss for certain years due to variable winter storm occurrence. Van
Buren County shows a high difference value (0.88) between the pre
dicted vulnerability and farm loss in 2012. Yet its average farm loss and
farm loss in 2012 are equally low perhaps due to its low farming in
tensity resulting in consistently low farm losses.
Key ways to reinforce adaptive capacity and reduce sensitivity
include providing incentives for diversification and tree planting pro
grams as well as enhancing innovative capital, facility investments, and
subsidies (Nenadović and Basurto, 2016; Meza, 2015; Lin, 2011). The
high winter storm vulnerability may be reduced in northwestern and
southeastern Iowa, where farms rely heavily on pastures and receive
more winter extremes and anomalies through increasing environmental
institutional capital, such as engaging more nursery professionals in
vulnerable areas to assist livestock farmers who want to plant trees and
shrubs (Coalition to Support Iowa’s Farmers, n.d.). Innovative liveli
hood strategies such as diversifying income into other sources (e.g.
tourism) may be helpful for economic development in the Southeast. In
southern Iowa with poor farming economic status, subsidies and facil
ities can also play an important role in offsetting the negative impacts of
financial problems.
Previous studies have shown that the spatial resolution of census

Fig. 8. Min-max scaled scores for vulnerability and farm loss. Tthe absolute differences between predicted vulnerability and reported farm loss in 2012 increase from
left to right. Source: Data for farm loss from Iowa county-level economics by USDA. Retrieved from https://quickstats.nass.usda.gov/results/7E214D15-CFBA-37D
A-8E1E-757AD282A45A.
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administrative boundaries is the principal factor affecting map accuracy
(Fang and Jawitz, 2018). Indicators presented at an aggregated level
may be unclear or distorted (Pagliacci and Russo, 2020; Neset et al.,
2019). As a result, the use of census data at the county level which in
cludes metropolitan areas can affect vulnerability patterns for farming
communities as it fails to distinguish urban-rural contrast in terms of
farming characteristics. To address the issue, the three vulnerability
components (exposure, sensitivity, and adaptive capacity) scores for
rural Iowa were also calculated and mapped exclusively for rural
counties (Fig. 9). By comparing it with Figs. 3–5 that include non-rural
counties, it is observed that the exposure pattern remains the same and
few significant pattern changes are found for sensitivity. The patterns of
adaptive capacity, however, are biased because its factors of farming
economic status and innovative capitals are both affected once metropol
itan counties are removed. Overall, after excluding metropolitan areas,
vulnerability remains the same with notably high rates in the northwest
and southern margins of Iowa, and lower rates in northeast Iowa and
central Iowa comparing Figs. 6 and 9.
To calculate the overall vulnerability, this study simply merged
index scores of sub-components of extracted factors. There needs to be
more effort in selecting, weighting, and normalizing indicators that can
influence the vulnerability estimates alone. When selecting initial vari
ables, this research incorporated responses on winter storm impacts and
adaptation from a limited number of farmers, which may not well
represent local perceptions for the entire state. To make the sample more
representative and vulnerability metrics more context-specific, more
respondents may be considered based on subtypes of farms (e.g., by crop
type, farm sale, and ownership). The number of extreme days, such as

the average number of days with a maximum temperature greater than
90 percentile was used to estimate exposure (Panthi et al., 2016). In our
case, the number of consecutive cold days may be selected to measure
the exposure to winter storms in future studies. To establish a vulnera
bility index, sub-indices may be developed to achieve relative weight
ings. For example, Antwi-Agyei et al. (2012) incorporated a crop yield
sensitivity index and an exposure index to calculate the vulnerability to
drought. In terms of normalizing, Hahn et al. (2009) calculated index
scores for major components considering the weight and the number of
indicators, resulting in overall vulnerability ranging from − 1 to 1.
Finally, it should be noted that the selected indicators derived based on
interviews with farmers in Iowa may not apply to vulnerability assess
ments in developing countries, considering agricultural regions in these
regions are more likely to be severely affected by extreme climate events
and the associated rising food prices (Ahmed et al., 2009; Hertel and
Stephanie, 2010). Further validation for the vulnerability pattern can be
done using surveys investigating farmers’ perceived vulnerability and
on-farm losses from winter storms in different counties.
5. Conclusions
Focusing on Iowa as the case study area, this study calculated and
mapped countywide vulnerability to illustrate which counties’ farming
communities are more vulnerable to winter storms and why. Both cli
matic and non-climatic indicators for winter storm vulnerability
assessment were identified using qualitative analysis with data derived
from literature review and field research. A total of 12 adaptive capacity
indicators were selected for factor analysis and three key determinants

Fig. 9. Rural Iowa winter storm vulnerability index scores.
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of adaptive capacity were identified: farming economic status, envi
ronmental institutional capital, and innovative capital. Finally, a syn
thetic index was computed to evaluate the overall vulnerability in the
state of Iowa to extreme winter events by integrating exposure, sensi
tivity, and adaptive capacity scores. In general, despite high farming
economic status, Northwest Iowa showed significantly low environ
mental institutional capital and high exposure rates, contributing to the
overall high vulnerability in this region. Northeast Iowa showed low
vulnerability as a result of low exposure and high adaptive capacity. In
Iowa, the low resolution of data covering metropolitan areas did not
seem to make a significant difference in sensitivity patterns. No pattern
change was found for exposure after excluding metropolitan counties.
However, rural characteristics of adaptive capacity tended to be un
derrepresented when including metropolitan areas. The findings and
discussion may contribute to vulnerability index development and
inform resource management for enhancing farming communities’
adaptive capacity to extreme winter weather.
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Appendix A
Questions for interviews with farmers.

Topic

Interview questions

Household characteristics
Winter storms and impacts

Q1. What kind of agricultural products do you produce on your farm? How many acres?
Q2. Do you remember any severe winter storms that happened here last year? (e.g., heavy snow).
Q3. Do you recall any impacts of these events on your farm? What were the most significant impacts?
Q4. How did these events affect your on-farm production and bottom line?
Q5. What did you do when your farm suffered from winter storms?
a. Did you receive any warning information? Where was it from and how far in advance did you receive it?
b. What were your preparedness measures?
c. What were your recovery actions after the events?
Q6. What measures did the state or the county take to address problems caused by winter storms? How did the process work?
Q7. What helped you reduce the risk and overcome the effects of these storms?
Q8. Do you think you are more prone to be affected by the winter storms than farms around? Why? What can help you to mitigate this situation?

Winter storms adaptation

The end
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Veenendaal, André A.R., van Velzen, Martijn, Looise, Jan Kees, 2014. Affecting
innovation through HRM: the role of creative capital. Eur. J. Int. Manag. 8 (5),
472–487. https://doi.org/10.1504/EJIM.2014.064600.
Vose, Russell S., Applequist, Scott, Bourassa, Mark A., Pryor, Sara C.,
Barthelmie, Rebecca J., Blanton, Brian, Bromirski, Peter D., et al., 2014. Monitoring
and understanding changes in extremes: extratropical storms, winds, and waves.
Bull. Am. Meteorol. Soc. 95 (3), 377–386. https://doi.org/10.1175/BAMS-D-1200162.1.
Waite, Paul, 1970. Outstanding Iowa storms. Ann. Iowa 40 (3), 194–209. https://doi.
org/10.17077/0003-4827.7939.
Watson, Robert T., Lee Albritton, Daniel, 2001. Climate Change 2001: Synthesis Report:
Third Assessment Report of the Intergovernmental Panel on Climate Change.
Cambridge University Press.
Wilhelmi, Olga V., Hayden, Mary H., 2010. Connecting people and place: a new
Framework for reducing urban vulnerability to extreme heat. Environ. Res. Lett. 5
(1), 014021 https://doi.org/10.1088/1748-9326/5/1/014021.
Willis, I., Fitton, J., 2016. A review of multivariate social vulnerability methodologies: a
case study of the river parrett catchment, UK. Nat. Hazards Earth Syst. Sci. 16 (6),
1387–1399. https://doi.org/10.5194/nhess-16-1387-2016.

12

Y. Zhang and B. Liang

Environmental and Sustainability Indicators 11 (2021) 100126

2021. World Population Reveiw, Iowa Population. (Accessed 4 June 2021).
Yao, Yao, Luo, Dehai, Dai, Aiguo, Simmonds, Ian, 2017. Increased quasi stationarity and
persistence of winter ural blocking and eurasian extreme cold events in response to
arctic warming. Part I: insights from observational analyses. J. Clim. 30 (10),
3549–3568. https://doi.org/10.1175/JCLI-D-16-0261.1.

Yeh, Emily T., Nyima, Yonten, Hopping, Kelly A., Klein, Julia A., 2014. “Tibetan
pastoralists’ vulnerability to climate change: a political ecology analysis of
snowstorm coping capacity. Hum. Ecol. 42 (1), 61–74. https://doi.org/10.1007/
s10745-013-9625-5.

13

